Saccharomyces cerevisiae and S. uvarum are two domesticated species of the Saccharomyces sensu stricto clade that diverged around 100 Ma after whole-genome duplication. Both have retained many duplicated genes associated with glucose fermentation and are characterized by the ability to achieve grape must fermentation. Nevertheless, these two species differ for many other traits, indicating that they underwent different evolutionary histories. To determine how the evolutionary histories of S. cerevisiae and S. uvarum are mirrored on the proteome, we analyzed the genetic variability of the proteomes of domesticated strains of these two species by quantitative mass spectrometry. Overall, 445 proteins were quantified. Massive variations of protein abundances were found, that clearly differentiated the two species. Abundance variations in specific metabolic pathways could be related to phenotypic traits known to discriminate the two species. In addition, proteins encoded by duplicated genes were shown to be differently recruited in each species. Comparing the strain differentiation based on the proteome variability to those based on the phenotypic and genetic variations further revealed that the strains of S. uvarum and some strains of S. cerevisiae displayed similar fermentative performances despite strong proteomic and genomic differences. Altogether, these results indicate that the ability of S. cerevisae and S. uvarum to complete grape must fermentation arose through different evolutionary roads, involving different metabolic pathways and duplicated genes.
Introduction
To exploit plant, animal, or microbe populations, humans have applied strong directional selection that has led different taxa to independently gain similar morphological and physiological characteristics (Zeder et al. 2006; Purugganan and Fuller 2009 ). The case of crops is quite emblematic of this phenomenon called convergent evolution (Arendt and Reznick 2008) , because many of them evolved several distinctive traits, such as increase in fruit and grain size, collectively referred to as the domestication syndrome (Harlan 1992) . In yeasts, several species have been associated with humans as early as 7000 BC for the production of bread and fermented beverages (McGovern et al. 1996; McGovern et al. 2004; Legras et al. 2007 ). Two of them were domesticated to produce fruit juice beverage (Fay and Benavides 2005; Sicard and Legras 2011) , Saccharomyces cerevisiae and grow at low temperatures involves a conserved mechanism of response to cold aiming at the maintenance of membrane fluidity by increasing the concentration of unsaturated fatty acids in membrane lipids (Schade et al. 2004; D'Amico et al. 2006) . Moreover, S. uvarum is less tolerant to high ethanol concentrations and confers a peculiar aromatic intensity to wine (Tosi et al. 2009; Masneuf-Pomarède et al. 2010; Gamero et al. 2011 ). In particular, S. uvarum produces higher amounts of 2-phenylethanol (2-PE) (Tosi et al. 2009; MasneufPomarède et al. 2010) . This aromatic alcohol is produced from phenylalanine (L-PHE) (Vuralhan et al. 2003) through the Ehrlich pathway (reviewed in Hazelwood et al. 2008) . These phenotypic divergences are believed to reflect the adaptation of these two yeast species to different ecological niches (Sampaio and Gonçalves 2008; Salvadó et al. 2011) . Accordingly, S. cerevisiae is associated with any type of wine, as well as with beer and spirits, whereas S. uvarum is preferentially found in white wines (Naumov, Masneuf, et al. 2000; Naumova et al. 2002; Rementeria et al. 2003; Demuyter et al. 2004) and is the major yeast involved in cider-making (Naumov et al. 2001) .
Saccharomyces cerevisiae and S. uvarum both belong to the Saccharomyces sensu stricto complex (Naumov, James, et al. 2000; Kellis et al. 2003 ) and diverged after a wholegenome duplication (WGD) that occurred approximately 100 Ma (Wolfe and Shields 1997; Dietrich et al. 2004; Dujon et al. 2004; Kellis et al. 2004 ). The two species are distantly related, with approximately 80% of nucleotide identity within coding regions, whereas S. cerevisiae and its closest relative S. paradoxus are 90% identical (Kellis et al. 2003) . Several studies showed that duplicated genes from WGD and other smallscale duplications were directly associated with the potential of the Saccharomyces sensu stricto complex to ferment glucose and/or grow anaerobically (Wolfe and Shields 1997; Piškur 2001; Thomson et al. 2005; Conant and Wolfe 2007; Merico et al. 2007) , as well as to produce high rates of ethanol . In S. cerevisiae, the persistence of duplicated genes in the genome, in particular for those involved in the glucose fermentation, has been shown to be mainly explained by functional divergence (Ihmels et al. 2004; Kuepfer et al. 2005 ) and dosage effects (Papp et al. 2004; Conant and Wolfe 2007) . The synteny between the genomes of S. cerevisiae and S. uvarum is well conserved, with many of the duplicated genes retained in both species (Bon et al. 2000; Llorente et al. 2000; Fischer et al. 2001 ) and 82% of predicted protein-coding genes of S. cerevisiae having an ortholog in S. uvarum (Scannell et al. 2011) .
In this study, we were interested in determining how the evolutionary histories of strains of S. cerevisiae and S. uvarum are mirrored on the proteome and on the evolution of duplicated genes. Because of their central role in metabolism, transport, and signaling, proteins are a particularly relevant class of molecular components to apprehend the biological complexity behind phenotypes (Gstaiger and Aebersold 2009) . Recently, mass-spectrometry based proteomics has gained increasing popularity because of its applications in evolutionary biology. Sequence-related proteomics data can indeed be used to better annotate genomes (Gupta et al. 2008 ) and have also proven to be valuable to perform phylogenetic analyses, particularly in the case of nonsequenced organisms (Wynne et al. 2010 ) and when marker genes are not available for classification (Bohlin et al. 2010) . Moreover, quantitative proteomics has been recently used to study interspecific changes (Schrimpf et al. 2009; Weiss et al. 2010) . Here, we used quantitative proteomics to analyze the genetic variability of nine S. cerevisiae strains and six S. uvarum strains grown in wine-making conditions convenient for both species. The strains originated from diverse media and diverse geographical origins. We showed massive variations of protein abundances between S. cerevisiae and S. uvarum, which were related to particular metabolic pathways and to a differential recruitment of proteins encoded by duplicated genes.
Results
Nine strains from S. cerevisiae and six strains from S. uvarum were analyzed in this study. The S. cerevisiae strains were isolated from diverse media (brewery, distillery, enology, and oak exudate; table 1) to maximize the genetic diversity within this species (Liti et al. 2009 ). The S. uvarum strains, originating from grape must fermentation, cider fermentation, or grape berries, were chosen to represent a wide part of the genetic diversity of the S. uvarum species (Masneuf-Pomarède I, personal communication).
All the 15 strains were anaerobically grown in white grape must. Fermentation kinetics of each strain is shown in supplementary figure S1, Supplementary Material online. Yeast samples were harvested at 30% of CO 2 release for proteomics analyses (supplementary fig. S2 , Supplementary Material online). During fermentation, four fermentation kinetics parameters were recorded as well as two life-history traits known to be correlated to the fermentation ability and to the concentration of alcoholic fermentation products such as trehalose (Albertin et al. 2011; Wang et al. 2011) . Three independent fermentations per strain were performed.
Variations of Protein Abundances Are Large and Clearly Differentiate the Species
The proteome of the yeast strains was analyzed by shotgun label-free quantitative proteomics. Peptides were quantified by integrating precursor ion peak areas. The quantification measurements obtained for each peptide as well as detailed information on all the peptides and all the proteins identified in all liquid chromatography-tandem mass spectrometry (LC-MS/MS) runs were deposited online using PROTICdb database (Ferry-Dumazet et al. 2005; Langella et al. 2007) at the following URL: http://moulon.inra.fr/protic/public. Abundances of 445 proteins were estimated from both shared and proteotypic peptides as described in BleinNicolas et al. (2012) (supplementary table S2 , Supplementary Material online). The proteins presented a large range of abundance variation, with between-strains max/min ratios varying between 1.2 and 234.3 and roughly distributed around three modes (1.9, 8.9, and 28) ( fig. 1A) . A total of 325 (73.0%) proteins presented significant abundance changes (P value < 0.01 taking into account multiple testing, supplementary table S2, Supplementary Material online). Among them, 294 (66.1%) exhibited significant abundance changes between at least two strains, regardless of the species; 216 (50.0%) and 123 (28.5%) discriminated at least two strains within S. cerevisiae and within S. uvarum, respectively; 206 (51.4%) showed a significant difference between the two species. On average over all proteins, the degree of genetic differentiation in protein abundances was higher between species (Q ST = 52.5%) than within species (Q IS = 28.7% and 18.8% for S. cerevisiae and S. uvarum, respectively; fig. 1B ).
Moreover, the minimum Q ST was 29.1%, which was greater than the average Q IS values obtained for the two species. These results indicate that the variations of protein abundances were strongly structured according to the species (supplementary fig. S3 , Supplementary Material online). This was confirmed by the heatmap based on the protein abundances showing that S. cerevisiae and S. uvarum clustered separately and were clearly isolated by two clusters of proteins (clusters A and D, fig. 2 ). The results also indicate that the proteome of the S. cerevisiae strains is more variable E3 and E4 strains were previously referenced as GN and G-4A, respectively (Marullo et al. 2006 fig. 2 ). These two groups of strains showed opposite abundance patterns for two clusters of proteins (clusters C and E, fig. 2 ). To a lesser extent, within S. uvarum, cider strains were separated from wine strains.
Variations of Protein Abundances Are Related to Protein Functions
The 445 quantified proteins were classified in functional categories using the MIPS Functional Catalog (Ruepp et al. 2004; supplementary table S2, Supplementary Material online) . Globally, all the functional categories contributed to the proteome differentiation between S. cerevisiae and S. uvarum (clusters A and D, fig. 2 ). Much of them also contributed to separate the S. cerevisiae strains B2, D2, and W1 from the other S. cerevisiae strains (clusters C and E, fig. 2 ). Remarkably, cluster B ( fig. 2 ) was largely determined by ribosomal proteins that were particularly abundant in two genetically distant strains, U3 and E5. Average protein abundances per functional category varied substantially between strains ( fig. 3A) . In particular, the three strains B2, D2, and W1 stood out from the other S. cerevisiae strains by exhibiting higher levels of proteins involved in cell rescue, defense and virulence, interaction with the cellular environment, and lipid metabolism ( fig. 3Ba ). Conversely, these three strains exhibited lower levels of proteins involved in amino acid, nitrogen, and sulfur metabolism ( fig. 3Ba ). In addition, the strains of S. uvarum presented higher levels of proteins involved in protein synthesis, amino acid, nitrogen, sulfur, and vitamin metabolism than S. cerevisiae ( fig. 3Bb ). ; **5 Â 10 À3 > P value ! 5 Â 10
À4
; ***5 Â 10 À4 > P value.
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To better evaluate the contribution of the different functional categories to the genetic variation of protein abundance, we analyzed whether the proteins exhibiting significant abundance changes (called variable proteins hereafter) were significantly enriched (or depleted) for certain functional categories ( fig. 3C and D). Variable proteins were enriched for C-compound, carbohydrate, nitrogen, and sulfur metabolism and depleted for protein fate, cell fate, transport, biogenesis of cellular components, and cell type differentiation ( fig. 3D ). It is worth noting that the number of variable proteins per functional category ( fig. 3C and D) was not correlated to the genetic variation of the average protein abundance per category ( fig. 3A and B). For example, carbohydrate metabolism was significantly enriched in variable proteins, but did not allow to discriminate the strains. Conversely, the category named "interaction with the cellular environment" was not significantly enriched in variable proteins, but clearly separated the D2-B2-W1 group from the other strains. These results illustrates the fact that, within a given functional category, the strains can be discriminated according to the average amount of proteins only if many proteins covary or if the variation of a major protein dominates the variations of the others.
To go further, we looked more closely at the proteins discriminating the B2-D2-W1 group from the other S. cerevisiae strains. The average abundances of 132 proteins were found to vary accordingly (supplementary table S2, Supplementary Material online). Consistent with the previous results, all but two proteins (LYS1 and ALD3) involved in amino acid biosynthesis were less abundant in B2, D2, and W1 than in other S. cerevisiae strains ( fig. 4 ). In addition, B2, D2, and W1 exhibited more abundant proteins involved in stress response (HSP12, HSP26, HSP104, CTT1, TRX2, and SOD1), as well as in the metabolism of various sugars (HXK1, GLK1, SEC53, SUC2, and GRE3) and storage compounds such as glycerol (GPD1, DAK1, and GCY1), trehalose (TPS1), and glycogen (PGM2 and GPH1). Finally, several proteins of the purine biosynthetic pathway were less abundant in B2, D2, and W1.
We also examined the 206 proteins significantly varying between S. cerevisiae and S. uvarum ( fig. 5 ). Three of them were involved in the biosynthesis of ergosterol (ERG6 and ERG20) and fatty acids (FAS2). These lipid compounds are important constituents of fungal membranes and are involved in a variety of cellular processes (reviewed in Parks et al. 1995; Tehlivets et al. 2007 ). They were more particularly shown to be implicated in the maintenance of membrane fluidity during cold stress (Nakagawa et al. 2002; Rodriguezvargas et al. 2002; Schade et al. 2004) . Interestingly, ERG6, ERG20, and FAS2 were more abundant in S. uvarum, in agreement with its psychrophilic aptitude (Kishimoto and Goto 1995; Naumov 1996; Belloch et al. 2008) . Several proteins of the L-PHE biosynthesis and of the Ehrlich pathway, such as ARO4, ARO8, ARO10, and PDC5, were also more abundant in S. uvarum. This result is in agreement with the difference of 2-PE production between S. uvarum and S. cerevisiae (Antonelli et al. 1999; Tosi et al. 2009; Masneuf-Pomarède et al. 2010) . The higher abundance of some proteins involved in the Ehrlich pathway may also modify the production of other higher alcohols such as n-propanol and amyl-alcohol, which involve the degradation of the branched-chain amino acids leucine, isoleucine, and valine. However, studies comparing strains of S. cerevisiae and S. uvarum in a wine context did not show clear differences in the production of higher alcohols other than 2-PE (Bertolini et al. 1996; Antonelli et al. 1999; Torriani et al. 1999) . Several other metabolic pathways appeared to be particularly affected by interspecific variations. For example, proteins involved in the biosynthesis of sulfur amino acids were globally more abundant in S. uvarum, suggesting that these amino acids are produced in higher amounts in S. uvarum than in S. cerevisiae. Similarly, proteins of thiamine biosynthesis were more abundant in S. uvarum (supplementary fig. S4 , Supplementary Material online). In nucleotide metabolism, enzymes at the beginning of the purine biosynthesis pathway were more abundant in S. uvarum, whereas those at the end were more abundant in S. cerevisiae. In carbohydrate metabolism, the first enzymes of the tricarboxylic acid cycle (CIT1, ACO1, IDH1, and IDH2) were more abundant in S. cerevisiae. In the glucose fermentation pathway, no tendency toward one or the other species was observed. Remarkably, isozymes (products of duplicated genes catalyzing the same reaction) in the glucose fermentation pathway did not covary. This was particularly striking within two isozyme families (PFK1/PFK2 and TDH1/TDH2/ TDH3), where the most abundant isozyme was not the same in S. cerevisiae and S. uvarum. This result suggests that the two species use different sets of isozymes to ferment glucose.
Altogether, these results show that three groups of strains could be distinguished from marked quantitative differences of proteins related to functional differences: S. cerevisiae strains contrasted with S. uvarum strains, and within S. cerevisiae, B2, D2, and W1 contrasted with B1, D1, E1, E2, E3, and E5.
Duplicated Genes Are Involved in the Proteome Differentiation between Species
To know whether the isozyme specialization observed for the glucose fermentation pathway is a general result, we analyzed the abundance patterns of 35 isozymes encoded by duplicated genes and belonging to 17 families (table 2). For 15 of these families (88.2%), the isozymes were located in different protein clusters ( fig. 2 ), indicating that they had different abundance patterns over the strains (table 2) . For seven families (41.2%), the isozymes exhibited opposite abundance patterns in the two species, with one isozyme more abundant in S. uvarum (cluster A) and the other more abundant in S. cerevisiae (cluster D). Altogether, these results illustrate the fate of duplicated gene products in the process of species divergence. They may indicate that duplicates encoding isozymes gain specific expression patterns.
Overall Variations of Protein Abundances Are Consistent with Genetic Differences and to a Lesser Extent with Phenotypic Differences
We wondered whether the differences observed between the strains at the proteome level were related to the fermentative 1373 Yeast Proteome Variations . doi:10.1093/molbev/mst050 MBE phenotype and/or whether they reflected genetic differences acquired during the evolution. To analyze these relationships, we compared the strain differentiation based on proteome variability to those based on phenotypic variability and on genetic sequence polymorphism. Six phenotypic traits were measured during the fermentations: four fermentation traits (lag-phase duration, time to complete 30%, 50%, and 100% of the fermentation) and two life-history traits (population size and cell size at 30% of CO 2 release) known to be correlated to the fermentation ability and to the concentration of alcoholic fermentation products (Albertin et al. 2011 (Albertin et al. , 2013 Wang et al. 2011 ). The genetic variability among the strains was assessed from 498 single nucleotide polymorphisms (SNPs) identified in six genes (ACC1, ALA1, ADP1, GLN4, VSP13, and RPN2) known to reveal sequence diversity among wine S. cerevisae strains (Muñoz et al. 2009 ) and 2,681 peptides exhibiting qualitative variations (detected or not detected) assumed to result from single amino acid polymorphisms (SAPs). Because the individual analysis of SNPs and SAPs gave similar results (supplementary fig. S5 , Supplementary Material online), we analyzed them jointly.
Based on phenotypic variations, two groups of strains could be distinguished according to their fermentative ability and cell size ( fig. 6A and B) . The first one contained slow MBE fermenting strains with large cells (B1, B2, D2, W1, and E1). Among them, B2 and D2 exhibited particularly sluggish or stuck fermentations. The second one contained strains with small cells and large populations that fermented rapidly (D1, E3, E4, E5, and all the S. uvarum strains). Within this group, wine and cider strains of S. uvarum showed no difference in fermentative ability. Moreover, the S. uvarum strains exhibited larger population sizes than S. cerevisiae strains. The phenotypic variation between bad fermenting strains was higher than between well fermenting strains.
Although the phenotypic analysis grouped S. uvarum strains with S. cerevisiae strains exhibiting good fermentative performances, the sequence polymorphisms and the variations of protein abundances clearly separated the two species ( fig. 6C-F) . According to both analyses, the S. cerevisiae strains originating from enology (E strains) were closer to each other compared with the nonenological strains of the same species, including in particular B2, D2, and W1. Within S. uvarum, protein abundances separated wine and cider strains while sequences did not allow the observation of any structure.
Altogether, these results show that S. cerevisiae and S. uvarum reached similar fermentative performances despite strong genomic and proteomic differences, indicating that different metabolic roads have been selected for fermenting FIG. 5 . Metabolic map of the proteins exhibiting significant abundance changes between Saccharomyces cerevisiae and S. uvarum strains. Proteins that are significantly more and less abundant in six S. uvarum strains compared with nine S. cerevisiae strains are represented in red and blue, respectively. The proteins exhibiting no significant abundance changes are shown in black; the proteins not quantified are shown in gray. Black circles indicate proteins encoded by duplicated genes.
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Yeast Proteome Variations . doi:10.1093/molbev/mst050 MBE during the evolution of these two yeast species. They also highlight that B2, D2, and W1, the three S. cerevisiae strains expressing high levels of stress response proteins, presented poor fermentative performances and were genetically distant from the well-fermenting strains. This suggests that these three strains were not well adapted to the fermenting conditions, resulting in a stress state probably correlated to their poor fermenting performances.
Discussion
We report an original study of comparative proteomics that investigates how the evolutionary histories of S. cerevisiae and S. uvarum are mirrored on the proteome. We analyzed the genetic variability of the proteome of nine S. cerevisiae strains and six S. uvarum strains from diverse origins by label-free mass-spectrometry-based quantification. A total of 445 proteins were quantified, with a protein coverage comparable with the one obtained by Andrews et al. (2011) after optimization. Protein abundance changes were confidently detected by using a Bayesian hierarchical model that takes into account both shared and proteotypic peptides (Blein-Nicolas et al. 2012) .
In our fermentation conditions (188 gl À1 of sugar, 18 C), the strains of S. uvarum and a group of well fermenting strains of S. cerevisiae displayed similar fermentative performances that were not mirrored by the global variations of their proteome. Instead, we detected massive interspecific variations of protein abundances. These variations can be explained by genetic differences between the two species: mutations may have accumulated because of the divergence between S. cerevisiae and S. uvarum. Two results indicate that some of these protein variations are not selectively neutral: 1) the percentage of quantitative variations varied according to functional categories, whereas these variations would be randomly distributed in the absence of selection pressure; 2) some of the protein abundance changes were consistent with phenotypic traits known to discriminate the two species. Indeed, in S. uvarum, we found high amounts of proteins involved in the biosynthesis of ergosterol, fatty acids, and L-PHE biosynthesis and in the Ehrlich pathway, in agreement with its psychrophilic aptitude (Kishimoto and Goto 1995; Naumov 1996; Belloch et al. 2008 ) and its ability to produce high concentrations of 2-PE (Tosi et al. 2009; Masneuf-Pomarède et al. 2010) . Interspecific variations of protein abundances can also be explained by genetic Â environment interactions. Indeed, fermentations were carried out at 18 C, that is, the standard temperature for white wine making. This temperature is a compromise between the optimal temperatures for S. uvarum, that is more adapted to lower temperatures and S cerevisiae that is more adapted to higher temperatures. The results would certainly have been different if the fermentations were carried out at a different temperature. Enzymes involved in sulfur amino acid biosynthesis and in thiamine biosynthesis were also found to be globally more abundant in S. uvarum. Sulfur amino acids and thiamine were shown to be related to the production of volatile sulfur compounds (Moreira et al. 2002; Linderholm et al. 2008; Bartra et al. 2010; Linderholm et al. 2010) , another type of aromatic molecules with important impact on the sensory quality of wine (Swiegers and Pretorius 2007) . However, the production of volatile sulfur compounds by S. cerevisiae and S. uvarum has never been formally compared and would require further investigation.
Interspecific variations of protein abundances were also related to a differential recruitment of isozymes, particularly in the glucose fermentation pathway, suggesting that S. cerevisiae and S. uvarum use different sets of proteins to ferment glucose. Further analysis of the abundance patterns of the isozymes present in our data set, most of which were involved in the carbohydrate and amino acid metabolisms, revealed that duplicated genes were involved in the interspecific proteome differentiation. Duplicated genes, and particularly those of central metabolism, were suggested to be involved in the adaptation to environmental changes (Gasch et al. 2000; Causton et al. 2001; Kwast et al. 2002) and to different ecological niches (Byrne and Wolfe 2005) . In support of this hypothesis, duplicated genes were shown to diverge in function (Kuepfer et al. 2005 ) and sequence (Kellis et al. 2004 ). The differential recruitment of isozymes observed in our study between S. cerevisiae and S. uvarum is in agreement with the role of duplicated genes in adaptation and support the hypothesis that these two species are adapted to different ecological niches (Sampaio and Gonçalves 2008; Salvadó et al. 2011) .
Within S. cerevisiae, well-fermenting strains differed from bad-fermenting strain on life-history traits. In particular, the former had smaller cells and larger maximum population sizes than the latter. Significant trade-offs were found between maximum population size and content of trehalose, a storage sugar though to be involved in yeast survivorship (Albertin et al. 2011 ). Among the bad-fermenting strains, B2, D2, and Figure 2 .
Isozymes
Protein Clusters 
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Yeast Proteome Variations . doi:10.1093/molbev/mst050 MBE W1 formed a homogeneous group isolated from the rest of S. cerevisiae strains at the proteomic level. These strains were particularly characterized by highly abundant proteins involved in the biosynthesis of storage compounds, such as glycerol, trehalose, and glycogen. These results thus confirm the trade-off between the maximum population size and the storage of cell resources. The biosynthesis of storage compounds is known to be induced during the general stress response (Gasch et al. 2000; Causton et al. 2001) . Moreover, B2, D2, and W1 exhibited high levels of proteins involved in the oxidative stress response and high levels of proteins carrying the stress responsive element in their promoter, such as GPH1, HXK1, TPS1, TSL1, PGM2, CTT1, HSP12, HSP26, and HSP104 (Moskvina et al. 1998 ). These results suggest that B2, D2, and W1 were in a stress state. Accordingly, the ability of yeasts to grow and complete fermentation was shown to be correlated to their resistance to stress (Ivorra et al. 1999; Zuzuarregui and del Olmo 2004a) . In particular, Zuzuarregui and del Olmo (2004b) showed that stress response genes were more expressed in strains with severe fermentative problems, with sometimes high expression maintained during fermentation. These authors suggested that the strains fermenting poorly were unable to restore the physiological nonstressed condition.
In conclusion, the results presented in this study showed that S. cerevisiae and S. uvarum reached comparable abilities to complete grape must fermentation by different proteome evolutionary roads, involving different metabolic pathways and isozymes. Indeed, interspecies proteome variations affected several metabolic pathways, some of which were related to phenotypic characteristics known to differ between the two species. In addition, isozymes were differently recruited by each species, suggesting that duplicated genes underwent different evolution and display nowadays divergent expression patterns in the two species. We hypothesize that such divergent expression of duplicated genes is related to the adaptation of each species to their different ecological niches. Finally, in a more general perspective, this study showed that the variations of protein abundances can be related to phenotypes in a context of natural genetic variability. This reveals the interest of proteomic studies to identify the genes associated to phenotypes in the absence of perturbation factors such as mutants or environmental stress. This shows that the proteome may be used in the future as a predictor of the phenotype.
Materials and Methods

Yeast Strains
Nine diploid strains of S. cerevisiae and six diploid strains of S. uvarum isolated from different geographical locations and from either natural or food processing origins (table 1) were studied. For each strain, one meiospore was isolated with a micromanipulator (Singer MSM Manual, Singer Instrument, Somerset, UK). For two heterothallic (ho/ho) strains, Alcotec 24 and NRRL-Y-7327, the isolated haploid meiospore was diploidized via transient expression of the HO endonuclease: the strains were transformed with the pHS2 plasmid (kindly given by S. Himanshu) using lithium acetate (Gietz and Schiestl 1991) . After diploidization, the plasmid was eliminated from the strains through recurrent cultures on YPD (Yeast extract Peptone Dextrose) medium. All the other strains were homothallic (HO/HO), so that the isolated meiospores gave rise to fully homozygous diploid strains through mating type switch and further fusion of opposite matingtype cells. The fully homozygous diploid meiosporic derivates were used for further alcoholic fermentation (table 1). All strains were grown at 30 C in YPD medium containing 1% yeast extract (Difco Laboratories, Detroit, MI), 1% bactopeptone (Difco), 2% glucose, supplemented or not with 2% agar.
Strain Genotyping
Yeast cell culture and DNA extraction were performed as described by Albertin et al. (2009) . Six genes (ACC1, ALA1, ADP1, GLN4, VSP13, and RPN2) known to reveal sequence diversity among wine S. cerevisae strains (Muñoz et al. 2009) were amplified by using the protocol previously described (Albertin et al. 2011) . Both strands of PCR products were sequenced using Sanger method. The sequences were aligned with Clustal X program (Thompson et al. 1997; Larkin et al. 2007 ).
Alcoholic Fermentation in Grape Must
White grape must was obtained from Sauvignon grapes, harvested in vineyards in Bordeaux area (2009 vintage) . Tartaric acid precipitation was stabilized and turbidity was adjusted to 100 NTU (nephelometric turbidity unit) before storage at À20 C. Sugar concentration was 188 gl À1 and the indigenous yeast population, estimated by YPD-plate counting after must thawing, was less than 20 CFU (colony-forming unit) per ml. Precultures of each strains were run in half-diluted must filtered through a 0.45 -mm nitrate-cellulose membrane (24 C, 150 RPM [rounds per minute]). After 24 h, yeast population sizes were measured using a particle counter (Z2 Coulter Counter, Beckman Coulter, Villepinte, France). One million cells per milliliter was then sampled from pre-cultures and added to a final volume of 125 ml of Sauvignon must. After inoculation, the musts were transferred into 125-ml glass reactors locked to maintain anaerobiosis. Fermentations were run simultaneously for the 15 strains (18 C, 300 RPM). The amount of CO 2 released was regularly determined by measurement of glass reactor weight loss and used to represent the fermentation kinetics of each strain (supplementary fig. S1 , Supplementary Material online). During fermentation, four kinetics parameters were recorded (supplementary fig.  S2 , Supplementary Material online): the lag phase duration (h), the times (h) to release 30% and 50% of CO 2 (minus lag phase duration), and the time (h) required to achieve the fermentation (meaning 100% of CO 2 released or all initial sugar consumed). Samples were harvested at 30% of CO 2 release to perform proteomics analyses and to measure maximum population size (cells per ml) and cell size (mean diameter, mm) using a particle counter (Z2 Coulter Counter, Beckman Coulter) (supplementary fig. S2 , Supplementary Material online). The time points at which strains were sampled are indicated in supplementary table S1, Supplementary Material online. Fermentations were repeated three times independently.
Protein Extraction and Digestion
Proteomic analyses were performed at 30% of CO 2 release. At this time, all strains had reached their maximum population size and performed alcoholic fermentation without growing. Five milliliters of fermentative media was sampled (the rest of the culture was maintained in fermentation) and centrifugated (5 min, 2,750 Â g). The pellets were rinsed two times with 5 ml of water, frozen in liquid nitrogen and stored at À80 C until protein extraction. Yeast cell pellets were suspended in 500 ml of an ice-cold solution of acetone containing 10% of trichloroactetic acid and 0.07% b-mercaptoethanol and ground for 5 min with 200 ml of glass beads for protein extraction and precipitation. After transferring the homogenate to new tubes to remove glass beads, 700 ml of the extraction solution were added. Protein extracts were incubated 1 h at À20 C, centrifugated for 10 min at 14,000 rpm and washed in 1.2 ml of 0.07% b-mercaptoethanol in acetone. Centrifugation and washing were repeated three times. After the last washing, proteins were dried in a vacuum centrifuge, solubilized in 300 ml of a solution containing 6 M of urea, 2 M of thiurea, 2% of CHAPS and 30 mM Tris-HCl 30 mM (pH 8.8) and centrifugated for 10 min at 14,000 rpm. Protein concentration was determined using PlusOne 2-D Quant Kit (GE Healthcare, Little Chalfont, UK) and adjusted to 4 mg ml
À1
. After a 10 times dilution in 50 mM of ammonium bicarbonate, proteins were reduced 1 h in 100 mM dithiothreitol, alkylated 1 h in 40 mM iodoacetamide and digested overnight at 37 C with 1/50 (w/w) trypsin (Promega, Madison, WI). Digestion was stopped by adding 0.4% of TFA (trifluoroacetic acid).
LC-MS/MS Analysis
LC-MS/MS analysis were performed using an Ultimate 3000 LC system (Dionex, Sunnyvale, CA) connected to an LTQ Orbitrap mass spectrometer (Thermo Electron, Waltham, MA). A 700 ng of protein digest was loaded onto a PepMap C18 precolumn (0.3 Â 5 mm, 100 Å, 5mm; Dionex) at 15 ml min À1 and desalted with 0.08% TFA and 2% acetonitrile (ACN). After 3 min, the precolumn was connected to a PepMap C18 nanocolumn (0.075 Â 15 cm, 100 Å, 3mm). Buffers were 0.1% formic acid, 3% ACN (A) and 0.1% formic acid, and 80% ACN (B). Peptides were separated at 40 C using a linear gradient from 4% to 36% buffer B for 60 min at 300 nl min
À1
. One run took 90 min, including the regeneration step at 100% buffer B and the equilibration step at 100% buffer A.
Ionization was performed with a 1.3-kV spray voltage applied to an uncoated capillary probe (10 -mm tip inner diameter; New Objective). Peptide ions were analyzed using Xcalibur v2.0.7 (Thermo Electron) with the following datadependent acquisition steps: 1) FTMS scan on Orbitrap (mass-to-charge ratio [m/z] 300 to 1,300, 15,000 resolution, profile mode), 2) MS/MS on the LTQ (qz = 0.25, activation time = 30 ms, and collision energy = 35%; centroid mode).
Step 2 was repeated for the two major ions detected in step 1. Dynamic exclusion was set to 90 s. Xcalibur raw datafiles were transformed to mzXML open source format using ReadW software (v4.3.1, http://tools.proteomecenter.org/ wiki/index.php?title=Software:ReAdW). During transformation, MS data were centroided.
MS Data Availability
The raw MS output files were deposited online using PROTICdb database (Ferry-Dumazet et al. 2005; Langella et al. 2007 ) at the following URL: http://moulon.inra.fr/ protic/public.
Protein Identification
A custom FASTA format database containing 10,851 entries was constructed from the translations of all systematically named ORFs of S. cerevisiae and S. uvarum downloaded from the Saccharomyces Genome Database (SGD project, http://www.yeastgenome.org/, versions dated 5 October 2010 and 16 December 2003, respectively). This database was searched with X!Tandem (v2010.01.01.4; http://www. thegpm.org/TANDEM/). Unique labels were attributed to proteins encoded by orthologous genes. A contaminant database containing the sequences of standard contaminants and the sequences of 16 proteins of Vitis vinifera previously identified in extracts of yeast grown in grape must was also interrogated. The decoy database comprised the reverse protein sequences of the custom database. X!tandem settings were as follows. Enzymatic cleavage was declared as a trypsin digestion with one possible misscleavage. Carboxyamidomethylation of cysteine residues and oxidation of methionine residues were set to static and possible modifications, respectively. Precursor mass precision was set to 20 ppm. Fragment mass tolerance was 0.5 Th. A refinement search was added with the same settings, except that semitrypsic peptides and protein N-ter acetylations were also searched. Only peptides with an E value smaller than 0.1 were reported.
Identified proteins were filtered and sorted by using the X!Tandem pipeline (v2.2.6, http://pappso.inra.fr/bioinfo/xtan dempipeline/). Criteria used for protein identification were 1) at least two different peptides identified with an E value smaller than 0.05; 2) a protein E value (product of unique peptide E values) smaller than 10
À4
. These criteria led to a false discovery rate estimated by using the decoy database less than 1% for peptide and protein identification. Proteins were sorted in groups and subgroups depending on the list of peptides by which they were identified: groups gathered proteins sharing at least one peptide and subgroups gathered proteins that could not be distinguished based on their list of peptides. More than 96% of the subgroups contained only one protein. The remaining 4% were generally conserved proteins, such as ribosomal proteins. Groups corresponded in general to proteins encoded by paralogous genes.
Peptide Quantification and Filtering Intensity Data
Peptides were quantified based on extracted ion chromatograms using MassChroQ software version 1.0.1, with the parameters given in supplementary file S1, Supplementary Material online. Peptide intensity data were filtered as follows. We first removed 1) dubious peptides for which standard deviation of retention time was more than 20 s; 2) peptides Â strain combinations quantified in only one replicate; 3) peptides quantified in less than four strains; 4) subgroupspecific peptides when, within a group, each subgroup was represented by only one specific peptide and more than five shared peptides (quantification was therefore performed at the group level, from shared peptides uniquely). We then removed the peptides corresponding to subgroups quantified with more than 80% of species-specific peptides. The effects of species-specific peptides on the measured intensities were indeed confunded with a species effect in cases where the differentiation between the two species affected the abundance of a protein. Considering the statistical model used to estimate protein abundances and described below, highly confounding effects would have biased the estimation of protein abundances. Species-specific peptides were identified by searching the sequences of all quantified peptides in the protein sequence databases of S. cerevisiae and S. uvarum used for protein identification. Species-specific peptides were those absent in one of the two databases. Finally, we removed a group containing 11 heat shock proteins sharing peptides because of complex peptide-protein relationships. A total of 1,672 peptides were removed from the data set that finally contained 4,960 peptides belonging to 416 sub-groups and 29 peptides belonging to four groups. For simplification, these groups and subgroups were regarded as 445 distinct proteins. To take into account possible global quantitative variations between LC-MS runs, normalization was performed. For each LC-MS run, the ratio of all peptide values to their value in the chosen reference LC-MS run was computed. Normalization was performed by dividing peptide values by the median value of peptide ratios.
Detection of Protein Abundance Changes
Protein abundance changes were detected using the statistical framework described in Blein-Nicolas et al. (2012) . Briefly, protein abundances were estimated from both shared and proteotypic peptides by using the following model:
where I itr is the intensity measured for peptide i in replicate r and strain t; ik ¼ 1 if the peptide i belongs to the protein k, else ik ¼ 0; kt is the natural logarithm of the abundance of protein k in strain t; B r $ N 0, Because of shared peptides, this model is nonlinear and the estimation of its parameters was performed in a Bayesian hierarchical framework. Protein abundance changes were detected with a multiple test procedure. As several couples of strains and several proteins were tested, P values were adjusted for multiple testing by a Benjamini-Hochberg procedure (Benjamini and Hochberg 1995) .
SAP Detection
SAP detection was based on the qualitative variations of the peptides. A peptide was considered as present in a strain if it was quantified in at least one of the three replicates, otherwise it was noted absent. Two main reasons can explain the absence of a peptide in a strain: a genetic variation resulting in an amino acid change or a quantitative variation below the detection threshold of the mass-spectrometer. To get rid as far as possible of the quantitative variations, we used a Student's t-test to compare the intensity distribution of the peptides exhibiting presence/absence variations to the one of the other peptides. Peptides with the lowest average intensities were removed from the set of present/absent peptides until the Student's t-test become nonsignificant. The remaining peptides were considered as SAP markers.
Data Analysis
For each protein, Q ST was calculated following Bonnin et al. (1996) :
where esp is the variance between species, cer is the variance within S. cerevisiae, and uva is the variance within S. uvarum. Q IS for S. cerevisiae and S. uvarum were derived from Q ST formula as follows:
The rate of enrichment (or depletion) for the functional category i of the proteins that changed in abundance was calculated as follows:
where N i is the number of proteins in the functional category i; N tot is the total number of quantified proteins; V i is the number of variable proteins in the functional category i; and V tot is the total number of variable proteins. To determine whether R i was significantly different from zero, we performed a Fisher's exact test. As several functional categories were tested, we adjusted P values by a BenjaminiHochberg procedure (Benjamini and Hochberg 1995) .
Hierarchical clustering analyses were performed using Euclidean distances and unweighted pair group averages as the aggregation method. All data analyses and graphical representations were performed using R v2.10.1 (R Development Core Team 2009). Metabolic pathways were reproduced from SGD.
